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Abstract— Recently, using a particle swarm optimizer (PSO)
to guide robots in a source location problem has attracted
widespread interest. While being navigated by PSO, robots are
easily trapped into U-shape-like concave obstacles such that they
move back and forth cyclically and fail to locate a correct source.
Existing obstacle avoidance strategies perform well when robots
have information about all obstacles. Yet in many real scenes,
robots have no prior information. This work proposes a novel
PSO based on Tabu Search (PSO-TS) for robots to locate multiple
sources. Instead of traditionally setting obstacles as tabu objects,
PSO-TS innovatively sets trapping areas as tabu objects such
that robots do not need prior knowledge or expensive hardware
and much time to obtain obstacle information. The weighted
average velocity of a robot is employed to determine if it is stuck
inside an obstacle-induced area. If so, a rectangular tabu area
is set to push robots out of the area and prevents robots from
searching the same area again. The proposed method can be
embedded into various source location algorithms to improve
their performance. Its obstacle avoidance capability is proved.
Finally, experimental results show the algorithmic compatibility,
environmental adaptability and obstacle avoidance performance
of the proposed method.

Index Terms— Source location, obstacle avoidance, particle
swarm optimizer, tabu search.
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I. INTRODUCTION

HE source location problem has attracted much concern

for its various potential applications. In general, the
problem requires intelligent agents such as robots and drones
to search for sources in unknown environments with certain
constraints [1]. In a source location problem, agents are tasked
with finding the location that minimizes or maximizes the
scalar field. The field can represent environmental charac-
teristics, such as chemical concentrations, light intensities,
or heat. This problem exists in various scenarios, such as
environment monitoring, search and rescue operations in a
dangerous building, chemical spill investigation and automatic
navigation [2], [3], [4], [5], [6], [7]. This work focuses on the
following situation: robots are able to obtain the signal strength
by their on-board sensor and thus locate signal sources. Signal
strength reaches the maximum value where a source is located.
Since some tasks might arise in a burning building or cave,
source location methods are worth considering especially
in dangerous environments where humans may not be safe
and general methods like GPS cannot work or incur high
cost.

A series of studies have been conducted on source location
problems, including gradient ascent/descent [8], [9], [10],
[11], extremum seeking [12], [13], map construction [2],
[14] and bionic behavioral [15], [16], [17], [18], [19] ones.
The gradient-based methods drive robots to move along
the gradient-ascending/descending direction by tracking the
strength of a source signal. Such methods are prone to be
trapped in a local minimum. In extremum seeking methods,
a single robot is used to collect measurements at different loca-
tions which is time-consuming and demands costly maneuvers.
The map construction methods combine the approximation
theory and estimation criteria to detect information sources.
They need numerous sampling sets, which may result in
communication delays and excessive power consumption for
signal transformation. Bionic behavior-based algorithms are
heuristic ones inspired by the behavior of biological swarms
such as fish and birds. Particle swarm optimizer (PSO) is one
of them. Since PSO is simple to implement, compatible with
swarm robots and does not require any prior knowledge of
the spatial distribution of source signal, it has been applied to
some source location tasks involving swarm robots.

In a PSO-based source location method, robots have
stochastic paths and change their next positions every iteration.
They are easily trapped by U-shape-like concave obstacles
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such that they move back and forth cyclically in such trapped
areas and fail to locate a correct source. Existing obstacle
avoidance methods are mainly based on such methods as
fuzzy logic controller, artificial potential field, tabu search and
control rules. They perform well in simple convex obstacle
environments. Yet, there are various complex concave obsta-
cles like U-shape ones in real scenes. It is difficult for robots
to acquire prior information about obstacles. When robots
are trapped by concave obstacles, the above methods are
unable to drive the robots out of the trapping area shaped by
the concave obstacles. In such situations, even if robots are
driven away from the obstacles, they may be trapped again
when the swarm leads the robot to the obstacles. Thus robots
may move cyclically and meaninglessly, failing to find the
sources. Concave obstacles are common in actual scenarios
such as indoor environments and caves. To enable robots to
finish tasks in such situations, robots have to avoid concave
obstacles.

As a main contribution, this work proposes a novel PSO
based on Tabu Search (PSO-TS) for robots to locate multiple
sources. Instead of traditionally setting obstacles as tabu
objects, we set trapping areas as tabu ones. We propose to use
the weighted average velocity of a robot to tell if it is stuck
as caused by obstacles. If so, we set a rectangular tabu area
covering the position of the robot, thereby pushing robots out
of the area and preventing them from moving into the area.
Thus robot swarm shares information and cooperates to get
out of the trapped areas. We employ an R-tree to handle the
storage structure of tabu areas and speed up a search process.
In this strategy, robots need no prior information of unknown
environments which makes the method adaptable to complex
unknown environments.

The rest of the paper is organized as follows. Section II
reviews the related work on obstacle avoidance methods.
Section III introduces the background of PSO and Tabu search.
The principles of the proposed method are given in Section I'V.
Section V presents the simulation and comparison results.
Finally, Section VI concludes this paper.

II. RELATED WORK

Fuzzy logic control is among the earliest methods for
obstacle avoidance of robots. Bao et al. [20] propose a fuzzy
logic-based obstacle avoidance strategy, which is executed
when there are some obstacles at the front and on the sides
of a robot. An obstacle avoidance fuzzy controller receives
front obstacle distance and side obstacle distance as the input
values and outputs the turning angle and velocity values.
Majura et al. [21] propose a preference-based behavior control
system for a heading control activity. The heading angle is
fuzzified into five turning alternatives to guide a robot to avoid
obstacles. To generate efficient navigation rules automatically
without initial settings of rules by experts, Motlagh et al. [22]
propose a neural network and reinforcement learning-based
technique to enable a mobile robot to learn expert rules on its
own to avoid obstacles.

Artificial potential fields (APF) are also adopted to avoid
obstacles [23], [24]. When robots are near obstacles, a repul-
sive force generated by the potential field drives them away
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TABLE I
COMPARISON OF OBSTACLE AVOIDANCE ALGORITHMS

Algorithm Reference | Need obstacle features | Avoid concave obstacles
Fi logic [20] N N
convotr |21 N N
[22] N N
Artificial [23] Y Y
otential field [24] N N
14
P 23] N N
[1] N Y
1 rul
Control rule [26] N N
[27] Y Y
[28] Y Y
Tabu search 291 Y Y
Ours N Y

Note: Y is yes; N is no.

to avoid crashes during searching. Wang et al. [25] propose
a source location method combining PSO and APF. APF is
used to construct the corresponding repulsive force field to
avoid obstacles and collisions. Li and Wu [23] propose a
quantum-leading-following-based optimizer to guide robots.
It exerts an attractive force on robots to avoid obstacles in an
unknown environment. Tang et al. [24] propose a mechanical
PSO combined with APFs, which enables robots to locate both
single and multi-targets.

Some control rules are proposed to avoid obstacles.
Zou et al. [1] propose a circumnavigation strategy to avoid
obstacles. Once a robot meets an obstacle, it switches to obsta-
cle avoidance mode and starts to circumnavigate the obstacle.
As it circumnavigates an area, it measures signal strength
along its path. After circumnavigating the entire obstacle, the
robot finds a position with the largest signal strength and
switches to a source seeking mode. Tang et al. [26] propose
a rotation strategy to bypass obstacles, which is effective
when the shape of obstacles is rectangular or circular but not
concave.

Tabu search is considered as an effective method to avoid
obstacles in [27], [28], [29], and [30]. Masehian and Amin-
Naseri [27] apply a tabu search to the path planning of
mobile robots for the first time. This method works by storing
observable angles of obstacles as search neighborhoods in
a tabu table. Then a tabu search is used to determine the
moving direction of a robot. Zhang et al. [28] combine a tabu
search algorithm and a fuzzy logic control strategy to avoid
obstacles. It improves the adaptability of mobile robots in
changing environments. In such algorithms [29], [30], Robots
first detect and search the edges of obstacles, and add the
angle points of obstacles to a tabu list. Then, robots visit those
positions in the tabu list to check if a source is achievable
from there and finally bypass the obstacles. This method is
adopted in path planning and assumes that a robot has the
ability to detect the geometric features of obstacles, which
may not be implementable in some situations such as rough
terrain or dark cave and poses a high demand for sensing
abilities of robots. The above obstacle avoidance algorithms
are compared in Table 1. Fuzzy logic control-based algorithms
do not rely on prior obstacle features, but cannot avoid concave
obstacles. In APF-based algorithms, robots require the radius
of a concave obstacle in advance to avoid it. Tabu search-based
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TABLE II
NOTATIONS IN PSO-TS

x;=(x;,y;) | position of the ith particle(robot)

v; velocity of the ith particle(robot)

Di personal best position of the ith particle(robot)

g best position founded by the swarm

t current iteration step

cy and ca accelerate coefficients

€1 and €s two random numbers within [0, 1]

w inertia weight

14 upper limit of the robot’s moving distance in one time slice
X a set of feasible positions in the search space

L a tabu list

6 a saved object in an R-tree

= hyperplane rectangle bounding the object 6

Z a lower node in an R-tree

N(x) a set of feasible positions for the next move of a robot @
M and m the maximal and minimal number of entries in a node of an R-tree
H a rectangle in an R-tree

Ul(x;) open space of a concave obstacle for a robot x;

U (@) tabu space of a concave obstacle for a robot x;

c the centroid of a tabu rectangle

ﬁ;‘ the weighted average velocity

[eY weight decay coefficient

¥ a threshold to measure the weighted average velocity

N the number of robots

Q a source

T the maximum number of iterations

s success rate

ds a threshold to measure if a robot converges to a source

d’, convergence distance of the swarm in the kth iteration

N, the number of robots whose distance to a source is less than dg

algorithms require obstacles’ inflection point information to
avoid them. In control rule-based algorithms, the circum-
navigation strategy is an efficient method to avoid obstacles
without prior knowledge of obstacles. But, it needs to spend
much time navigating around obstacles.

III. BACKGROUND

This section gives the notations in Table II. Then, a basic
PSO with physical constraints, a tabu search algorithm and an
R-tree structure are introduced.

A. PSO With Physical Constraints

PSO is a stochastic global optimization technique inspired
by bird flocking or fish schooling [31], [32]. It has become
one of the most popular optimization techniques and has been
successfully applied to many fields [33], [34], [35], [36].
In the original PSO, a group of random particles (solutions)
is initialized. Each particle in a swarm updates itself by
tracking both its personal best position located by itself and the
overall best position found so far by the whole swarm in each
iteration. To balance global exploration and local exploitation
better, an inertia weight parameter @ was introduced to adjust
the influence of the previous particle velocities during the
optimization process [37]. In this work, a particle uses the
following formula to update its velocity and position:

t t—1 t—1 t—1 t—1 t—1
Uij_wvij +01€1(P,-j _x,'j )+02€2(gj _xij ), (1)

t -1 t—1
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where D is the dimension of the solution space, j €
{1,...,D}. x; = (xj1,xi2,...,xip) refers to the position
of the ith particle; v; = (vi1, vi2,...,vip) is the velocity
of the ith particle; p; = (pi1, pi2, ..., pip) 1s the personal
best position of the ith particle; g = (g1, g2,...,gp) is the
best position founded by the swarm; ¢ represents the current
iteration step; ¢1 and ¢, are accelerate coefficients determining
the relative importance of p; and g; and €; and € are two
random numbers within [0, 1]. By adjusting the value of w,
particles have a greater tendency to eventually locate the area
containing the best fitness value and explore that area in detail.
It is suggested to make w as a dynamic decreasing value, from
a value greater than 1.0 to encourage early exploration at the
beginning to a value less than 1.0 for searching in details
eventually.

In each iteration, for a maximization problem, the vectors
p; and g are updated by:

Pl = p;’-‘l, FeD = f(gf‘%
xi, f(x;) > f(p; )
f(g" =max(f(pD), f(PY) ... f(PY)
g' € (pl.ph... P
To rﬂake the algorithm feasible in real environment, a parame-
ter V is often used to limit each particle’s velocity component

within [—V, \7]. If the velocity is not in the interval, it will
be modified by:

; 3)

“4)

VUL (5)

S
Y v

B. Tabu Search Algorithm

Tabu Search (TS) is a metaheuristic method that guides a
local heuristic search procedure to explore a solution space
beyond local optimality [38]. One advantage of the Tabu
search technique is its ability to avoid search and evaluation
of the visited space by using a flexible memory of the search
history. TS algorithm has been applied successfully for
various classic and practical problems such as scheduling [39]
and character recognition [40].

Denote the searching space as set X, the move action is
defined to transform solution x’ € X into another solution
x't1 e X, which can be marked as x'*! = move(x"). For
any solution x € X, the neighborhood set of x is generated
by all the feasible move of x, marked as N(x) = {x'|x’ =
move(x),x’ € X}. Tabu List (L) is adopted to record the
solutions that have been searched to avoid the repeated search
and endless loop. L is defined as a list with a certain length.
Any solution in L will not be searched. Stopping criteria of the
algorithm includes reaching the maximum number of iteration
steps, obtaining a satisfactory solution, etc. The algorithm is
given in Algorithm 1.

C. R-Tree Structure

R-tree is a data structure obtained by extending B-tree [41]
to multi-dimensional situations [42]. R-tree is a height-
balanced tree with indexed records in its leaf nodes. The
elements saved in the tree are spacial objects, and records
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Algorithm 1 Tabu Search Algorithm

Input: Initial solution x9, fitness function f(x).
Output: Minimal solution x*.

1: Initialize x* = x%, x = xO, L = ¢.
2: while Not satisfying the stopping criteria do
3 N=N()-L.
4: X' = arg min f(x').
x'eN

5: if X' # ¢ then

6: if £(X') < f(x*) then
7 x*=x.

8: end if

9: Push x to L.

10: x=X.

11: end if

12: end while

13: return x*.

contained in the leaf nodes of the R-tree are in the following
form:

(8.0)

—~

where 6 refers to a saved object and E
rectangle bounding the object with the form

is a hyperplane

]

E=(Ep, E1,..., Ep—1)

where n is the dimension and each Ej is a closed interval
[Es, Err]. For the non-leaf node, it contains records in the
form

(8.2)

where Z points to a lower node in the tree and = is a rectangle
covering all sub-rectangles of its child nodes.

Denoting the maximal and minimal number of entries in
one node as M and m, then an R-tree satisfies the following
properties:

HDm=<¥

2) Ineachentry (E, Z) of a non-leaf node, [ is the smallest

rectangle covering all rectangles in its child node.

3) Except the root, every leaf node contains records

between m and M.
4) Except the root, every non-leaf node contains children
between m and M.

5) If the root is not a leaf, it has at least two children.

6) All leaf nodes are in the same level.

For searching whether a rectangle H is covered by an
R-tree, the algorithm checks each entry to determine whether
H is covered by a rectangle saved in the entry. For all entries
satisfying the condition, searching is invoked in their child
subtrees. Moreover, when S degenerates into a point, it means
checking whether a point is covered by an R-tree. For an
insertion, R-tree locates a feasible place by minimizing an
enlarged area when adding a new entry. Once completing the
insertion, it adjusts its all nodes to satisfy the above properties.
Compared with other structures, an R-tree is especially suitable
for spatial data storage and for tabu areas storage. In each
iteration, a robot needs to determine whether its next position
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Fig. 1. A robot is trapped by the obstacle. It repeats moving between
points 1 and 2.

is in a tabu area or not. The advantage of an R-tree is its
ability to quickly search for an area. According to [41], the
time complexity of an R-tree to search for a tabu area is only

O(log(n)).

IV. PSO WITH TABU SEARCH
A. Definition of Deadlocks for Obstacle Avoidance

Most obstacle avoidance methods have good performance
under the premise that obstacles in unknown environments are
convex or known. If concave obstacles appear in an environ-
ment or the prior knowledge of obstacles is unknown, such
as L-shaped-like and U-shaped-like obstacles, a robot may be
trapped and cannot reach sources. Consider the situation in
Fig. 1. The source is denoted as a symbol ‘A’ and is on the left
side of an L-shaped-like obstacle. The robot is at point 1 on
the right side of the obstacle. The robot regards the source
as its global best and keeps rotating counterclockwise when
finding obstacles in its detecting range. After several rotations,
the robot reached point 2. In the next iteration, according to
PSO, the robot returns to the neighborhood of point 1. Hence
it moves cyclically between points 1 and 2 and is trapped by
this obstacle. Such a phenomenon is defined as a deadlock in
this work. The proposed algorithm attempts to solve such a
deadlock problem with as little additional cost as possible.

B. The Proposed Tabu Search-Based PSO (PSO-TS)

When a robot is trapped by an obstacle, it may make
repeated and meaningless movements in a certain area. Denote
the velocity of a robot at rth iteration as v}, during several
iterations, the distance between the starting and the final
positions of the robot ||Ax|| is very small, which means
Ax?? = x[_ vl will be limited to a certain range.

To determine whether a robot is stuck, the weighted average
velocity f)ﬁ is employed to learn if it is stuck by an obstacle.
The recursion formula of the weighted velocity is as follows:

b = v}, 6)

at+1 At At
o =90+ oz(vlt.Jrl — ) (7)

where « € [0, 1] is the weight decay coefficient. After an
iteration, the weighted average velocity is updated according
to this formula, and a robot checks whether it is trapped based
on it. This weighted average velocity characterizes the motion
state of a robot over a period of time and is composed of
the velocity in each iteration with different weights. In the
weighted average velocity, the proportion of early iterations is
smaller, while the one of the recent iteration is larger.

Authorized licensed use limited to: TONGJI UNIVERSITY. Downloaded on January 27,2026 at 09:58:38 UTC from IEEE Xplore. Restrictions apply.



11724

(a) t=60

(b) =90 (c)t=110

Fig. 2. An example of a robot being trapped by tabu areas.

If the norm of a robot’s weighted average velocity in the ¢th
iteration f)ﬁ is less than a threshold y, it means the position of
the robot in a period of time has almost not changed. If the
robot does not get closer to the source, it is probably trapped
by obstacles. In a real environment, since robots have no idea
where the sources are, they regard their global bests as the
sources. Thus they evaluate the distance between their personal
and global bests. Based on the above analysis, the criteria for
judging whether a robot is trapped can be set as follows:

1) The weighted average velocity is less than a threshold,
ie o <y.

2) The positions of personal and global bests keep a certain
distance, i.e. ||p} — g'|| > d for a fixed d.

Once the above condition is satisfied, the algorithm pushes
tabued rectangle areas to an R-tree. All robots in the tabued
rectangle will leave the area outward along the line between
themselves and the center of the tabu area. The moving
distance is inversely proportional to the distance from the
center of the area to its location, and it is limited in [\7/ 2, V]:

L, &=V —|x! =

ot = ®)

t
|xl‘ —C|

where ¢ is the centroid of a tabu rectangle. If there is
any obstacle in this direction, the robot rotates its direction
counterclockwise to find a new path. Starting from the next
iteration, robots consider the areas in the tabu list as obstacles.

When multiple robots enter a concave obstacle, they simul-
taneously generate tabu areas to avoid the obstacle as shown in
Fig. 2(a). Since each robot generates tabu areas based on its
own weighted velocity, it may be surrounded by tabu areas
generated by its peers as shown in Fig. 2(b). Then, robot
x1 is trapped into tabu areas and the obstacle as shown in
Fig. 2(c). In this case, the robot has no way to go. Then,
a backtracking mechanism is triggered to reverse the path
traveled until the robot exits the tabu areas. The proof of
avoiding concave obstacles using the proposed method is
detailed in Section I'V-C.

To avoid collision, a warning distance is defined as the
hypothetical robot’s braking distance and is set to 0.1. Then,
the warning zone of a robot is a circular area with its position
as the center and the warning distance as the radius. When
a robot enters the warning zones of other robots, it avoids
them by rotating itself [26]. This work takes 15 degrees for
each rotation. After several rotations (maximum 23 times in
this work), if a robot cannot find a suitable collision-free path,
it stays at its current position until the next time slice.

The flow chart of the proposed PSO-TS is shown in Fig. 3.
The tabu search strategy is added to the “Movement and
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| Modeling field source signal as fitness value

!

| Initializing robots' velocity and position |

l

Using particle swarm mechanism to generate
source access location

!

| Movement and obstacle avoidance |

1

Obtaining the fitness value of the source positions
based on the sensor

l

|Sharing the best information of the group

Reaching end conditions?

Yes

—>

| End search |

Fig. 3. The flow chart of PSO-TS where the proposed method focuses on
the “Movement and obstacle avoidance step”.

obstacle avoidance”. It should be noted that embedding the
tabu search strategy does not affect the mechanics-based obsta-
cle avoidance strategy of the original algorithm. The existing
source location algorithms may have their own obstacle avoid-
ance strategies like the artificial potential field method. After
embedding the tabu search strategy, the algorithm first executes
the existing obstacle avoidance strategy and then executes our
embedded strategy. Thus, the performance of these algorithms
will be promoted on the concave obstacle avoidance. As the
embedded algorithm only focuses on escaping from dead-
lock status and does not affect the searching process when
robots are not trapped by obstacles, so this tabu strategy
has good compatibility and can be easily adopted by vari-
ous searching strategies. The complete algorithm is given in
Algorithm 2.

C. Rationales of Avoiding Concave Obstacles

Considering a single-source location problem in a concave
obstacle environment, we prove the obstacle avoidance ability
of the proposed tabu search method. Since the proposed
method can combine with any source location algorithms to
avoid concave obstacles, we do not limit which source location
algorithm to use. Therefore, a reasonable assumption is that a
robot can converge to a position with the strongest signal using
a source location algorithm in an obstacle-free environment.
In this work, for a robot x;, a concave obstacle’s entire interior
space can be divided into two types: open space U (x;) and
tabu one U (x;). Then, there are two states for robot x; in a
concave obstacle’s interior space:

State 1: the robot searches in U (x;).

State 2: the robot is trapped into U(x;).

First, we prove that if a robot is in State 1, using the
proposed method, it can fill up the interior open space of a
concave obstacle by generating tabu areas and gets out of the
concave obstacle in a limited time. Then, we prove that if
a robot is in State 2, it is able to switch to State 1 by a
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Algorithm 2 PSO-TS

Input: the number of robots N, the maximum number
of iterations T, fitness function f(x), accelerate coefficients
c1 and c).

Output: The best position g founded by the swarm.

1: Initialize positions of robots, tabu list I as an empty R-
tree, iteration number ¢t = 1.

2: while r < T do

3: Driving robots searching the source by (1) to (5).

4: Updating the weighted velocity of each robot by (6)
and (7).

5 fori=1— N do

6: if 9; < y then

7 Push the position of the robot to L.

8: Push robots out of the tabu areas by (8).

9: end if

10: if a robot is trapped by tabu areas then

11: A backtracking mechanism is triggered.

12: end if

13: end for

14: t=t+1.

15: end while

16: return g.

-]
‘g A robot Xi
v

‘ Enter a concave obstacle ‘

: ‘ Xi is trapped into tabu space U(x)

‘ Backtracking mechanism

»‘ Get out of the concave obstacle ‘

Fig. 4. State switching of a robot in a concave obstacle.

backtracking mechanism. Using the proposed method, a robot
switches its state in a concave obstacle as shown in Fig. 4.

Theorem 1: There exists constants t' < 0o and ¢ > 0, such
thatVt > t',Vy > &, a robot can get out of a concave obstacle,
where t is the current iteration count, and y is a threshold to
measure the weighted average velocity.

Proof: According to the assumption that a robot can
converge to a position with the strongest signal using a source
location algorithm, a robot can move towards an attraction
point when it meets a concave obstacle. The attraction point is
defined as a position with the strongest signal strength within
a concave obstacle. There are one or multiple consecutive
attraction points inside a concave obstacle as shown in Fig. 5.
From Fig. 5(a), when a robot moves to attraction point A,
it rotates a certain number of degrees counterclockwise to an
oscillation point B in the next iteration. After that, the robot
oscillates between A and B. From Fig. 5(b), a robot moves to
an arbitrary attraction point. Since the robot always rotates
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Fig. 5. Cases of attraction points in a concave obstacle.

counterclockwise to avoid collisions, it next moves to the
rightmost attraction point and oscillates between the rightmost
attraction point and an oscillation point instead of moving back
and forth between multiple attraction points. Therefore, if a
robot searches in State 1, it causes an oscillation between an
attraction point and the oscillation point. A robot’s condition
for generating tabu areas is analyzed as follows.

According to (7), the expectation of weighted average
velocity 9} in the last k iterations can be expressed as

E(9i)) = E(Z)_,_ppa(l —a) " Tvf)), ©))

where t is the current iteration index. When a robot oscillates
between A and B in the last k iterations, we have 0 < |v§| =
|A — B| < V. Then, the expectation of ﬁﬁ can be deduced as

E(I9}]) = E(1Z!_, 1 (=D Fa(l — ) ""vl])
ale — D11 — (@ — D75
-

a—1

E(Jv}])

—_ — Dk
_ a(a —1)

= (10)

Give a fixed k, when a robot oscillates more than k
iterations, its weighted average velocity is less than or equal

k ~
e—e@=D"y Thys, if we set y > & where

to a constant ¢ = —a
y is a threshold to measure the weighted average velocity,
according to Algorithm 2, a robot can generate a tabu area as
long as it oscillates k iterations.

Since the interior open space of a concave obstacle is
limited, a source location algorithm can drive a robot to locate
the attraction point in a limited time interval #y. Then, there
exists a time kconstant ' = ty+k < oo and a constant
e = %‘7, such that V¢ > ¢’ and Yy > &, we have
that the robot can generate tabu areas. Then, the generated
tabu areas can fill up the concave obstacle in a limited time.
Hence, the robot can be pushed out of a concave obstacle by
tabu areas. Therefore, if a robot searches in State 1 and we
set y > ¢, it can fill up the interior open space of a concave
obstacle by generating tabu areas and gets out of the concave
obstacle in a limited time.

If a robot is in State 2, a backtracking mechanism is
triggered to reverse the path traveled until the robot exits the
tabu space. Since a robot starts its search outside the concave
obstacle, it must be able to reversely escape from the tabu
space and switch to State 1. Once it is at State 1, it repeats till
U is empty or exits out of the concave obstacle. In summary,
the robot must be able to get out of the concave obstacle by
using the proposed method. [ ]
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Fig. 6. Scenario 1 contains concave obstacles with right corners.

V. EXPERIMENTAL RESULTS

Two source location scenarios are used to run the sim-
ulation experiments as shown in Figs. 6 (scenario 1)
and 7 (scenario 2). They contain concave obstacles with
right and rounded corners, respectively. In scenario 1,
two environments corresponding to two distributions of
sources are used. Distribution 1: [(5, 0); (0, —=5); (—4, —=2)];
Distribution 2: [(6, 1); (0,5); (—4,0)]. Their corresponding
fitness functions (signal strengths) are as follows:

tir=s en(- 252
s

e (<[5
fRx) =5 exp (_ :%61)”)
s ([225)

+s.exp(_ ﬂ”) .

In scenario 2, two environments corresponding to two
distributions of sources are used. Distribution 1: [(4, —2);
(-3, —2); (2,2)]; Distribution 2: [(4,1); (=5,-2); (1,4)].
Their corresponding fitness functions (signal strengths) are as
follows:

le(x) =5-exp (—

x—(4,-2)
—5)

x —(=3,-2) H
=)

x—(2,2))

+5-exp(—

5 13)

x—4, 1 H)
5

=)
5

+5~exp(— #) (14)

The proposed tabu search strategy can be embedded in
various source location algorithms. To verify the adaptability

+5-exp(—

fF(x)=5-exp (—

+5-exp(—
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Fig. 7. Scenario 2 contains concave obstacles with rounded corners.
TABLE III
PARAMETERS OF SOURCE LOCATION ALGORITHMS

Algorithm | Parameter Setting Reference
c1 =cp =21,T =300,V =0.5,

SAPPSO 26
n=0.1, fip =4,lg =6 [26]
¢ =cy =2.1,T =300, V = 0.5,

MMPSO 24
n=1.05038=103ng=3rqg=1 (241
P;,i = 0.9997, w = 0.55, T, = 2.3,

PFSM = 43
N =30,T =300,V =0.5 1431

=15, H =10, N = 30, T = 300,

of the proposed method, four source location algorithms
including two PSO-based algorithms and two non-PSO-based
algorithms are conducted. They are Searching Auxiliary
Points-based PSO (SAPPSO) [26], Multi-source Mechanical
PSO (MMPSO) [24], Probabilistic Finite State Machine-based
strategy for multi-target search (PFSM) [43] and Improved
Group Explosion Strategy for searching multiple targets
(IGES) [44]. The parameters of four source location algo-
rithms are shown in Table III. To verify the efficiency of the
proposed tabu search strategy, three obstacle avoidance meth-
ods are added for comparison, which are Artificial Potential
Fields-based (APF) [25], Fuzzy logic-based [20] and control
Rule-based [1] methods. All algorithms are carried out by
using MATLAB R2016a on a PC with Intel(R) Core(TM) i5
running at 3.10GHz with 4G RAM.

To determine whether robot i has found a source, its
personal best position p; is checked. If the distance between
p; and a source is less than a threshold d,=0.5, then the robot
succeeds. In this work, the success rate s, convergence distance
d., and dé are three indicators for comparison. Their formulas
are as follows.

Ne

§ = —¢

N

where N, is the number of robots that the distance between
their personal best position p; and the source is less than dj.

15)

d =N |pt —sil

1

(16)

where s; is the position of the closest source for robot i. d.

is defined as d! at the end of the algorithm:
de =3[, 1pi —sil (17)

where T is the maximum number of iterations.
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Fig. 8. A robot is trapped by the obstacle. It repeats moving between
points A and B.
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Fig. 9. Success rate (s) and convergence distance (d¢) of SAPPSO-TS with
parameter V on different settings.

A. Parameter Analysis

The size of the tabu side length is an important factor in
the algorithm’s performance. If a tabu area is too large, it may
cause some passable areas to be tabued, which increases the
movement cost of the robot swam. Conversely, if the area
is too small, robots need more time and movement costs to
avoid obstacles. Therefore, it is necessary to consider how
to select an appropriate size for a tabu area. When a robot
meets a concave obstacle as shown in Fig. 8, it can move
towards an attraction point A by source location algorithms.
The attraction point is defined as a position with the strongest
signal strength within a concave obstacle. Then, the robot is
blocked by the obstacle. It rotates a certain number of degrees
counterclockwise to an oscillation point B in the next iteration.
After that, the robot oscillates between A and B and deadlocks.
The area around A and B is considered as an impassable area
that needs to be tabooed. Since the upper limit of the robot’s
moving distance in a time slice is V, then, ||A — B]|| < V.
Thus a rectangle centered at the midpoint between points A
and B with side length \7/«/5 is set as a tabu area.

In (10), the threshold y is determined by three parameters
V,a and k. V is the upper limit of the robot’s moving distance
in a time slice. Robots with large V have more space for
exploration, while they explore space in a fine manner with
small V. Fig. 9 shows the success rate (s) and convergence
distance (d.) of SAPPSO-TS with v taking different values.
From Fig. 9, when Ve [0.2, 0.5], as % increases, s increases
and d. decreases sharply because robots are more explorative.
When V e [1, 0.5], as v increases, s is stable at around 1.
dc slightly increases because the search accuracy of robots
gradually decreases. Then, V = 0.5 is chosen as an appropriate
value. o € [0, 1] is a weight decay coefficient. From (9),
a large value makes robots focus on short-term vision, while a
small value makes them focus on long-term vision. According
to some trial tests, « is set as a small value 0.2 to give robots a
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TABLE IV
EXPERIMENTAL RESULTS IN SCENARIO 1
Algorithm fll f12
s de s dc

SAPPSO-APF 0.789 36.810 0.779 36.848
SAPPSO-Fuzzy 0.797 30.165 0.847 24.335
SAPPSO-Rule 0.963 9.689 0.947 13.038
SAPPSO-TS 0.993 7.872 0.989 8.178
MMPSO-APF 0.795 39.127 0.829 35.442
MMPSO-Fuzzy 0.815 28.635 0.838 25.211
MMPSO-Rule 0.988 8.482 0.987 8.488
MMPSO-TS 0.978 9.169 0.995 7.517
IGES-APF 0.788 25.637 0.769 26.607
IGES-Fuzzy 0.850 16.582 0.900 18.363
IGES-Rule 0.967 14.403 0.973 13.308
IGES-TS 0.986 12.902 0.978 12.122
PFSMS-APF 0.829 23.020 0.897 18.047
PFSMS-Fuzzy 0.898 14.100 0.924 15.168
PFSMS-Rule 0.886 11.212 0.873 12.201
PFSMS-TS 0.983 9.929 0.969 9.913

IJ
ol ™

-l
-

(a) Search

A
o

Ll
-=1-B

(c) Avoid obstacles (d) Finish the source location

Fig. 10. The process of robot avoiding obstacles in scenario 1.

long-term vision. Since early iterations have almost no effect
on the weighted average velocity, the last k = 6 iterations are
considered to calculate the weighted average velocity.

B. Comparison Experiment

Four obstacle avoidance methods (including the proposed
tabu search) are embedded in four source location algorithms.
The form of an algorithm combining a source location method
and an obstacle avoidance method is expressed as [source
location-obstacle avoidance], e.g., SAPPSO-APF. Then, six-
teen algorithms are conducted for comparison. Each algorithm
runs 50 times and in each run, 300 iterations are performed.
Table IV shows the experimental results in scenario 1. From
Table IV, the search performance of the proposed TS and
Rule-based methods are obviously better than that of APF and
Fuzzy-based ones, because they obtain higher success rates
and finer convergence distances.

In SAPPSO, MMPSO and IGES-based algorithms, the Rule
and TS-based obstacle avoidance methods show comparable
performance. In the Rule-based method, when a robot meets
an obstacle, it circumnavigates the obstacle and finds the
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TABLE V
EXPERIMENTAL RESULTS IN SCENARIO 2
Algorithm le fg
s d. s dc
SAPPSO-APF 0.611 43.428 0.620 45.116
SAPPSO-Fuzzy 0.659 33.047 0.647 36.116
SAPPSO-Rule 0.987 7.894 0.987 7.819
SAPPSO-TS 0.994 7.423 0.988 7.965
MMPSO-APF 0.643 41.067 0.684 37.345
MMPSO-Fuzzy 0.657 34.290 0.657 33.513
MMPSO-Rule 0.996 8.363 0.999 7.911
MMPSO-TS 0.965 10.397 0.975 9.240
IGES-APF 0.645 30.214 0.698 28.062
IGES-Fuzzy 0.600 29.355 0.650 26.556
IGES-Rule 0.950 19.630 0.960 15.480
IGES-TS 0.967 19.351 0.975 12.296
PFSMS-APF 0.441 41.816 0.616 31913
PFSMS-Fuzzy 0.433 42.538 0.597 34.849
PFSMS-Rule 0.705 11.830 0.777 11.239
PFSMS-TS 0.992 11.142 0.954 10.400
P 3
RPN 1. @ ’ .
— e
(a) Search (b) Deadlocks

N
gyt

e

(c) Avoid obstacles

(d) Finish the source location

Fig. 11. The process of robot avoiding obstacles in scenario 2.

position with the strongest signal to avoid the obstacle. Thus,
the Rule-based method can successfully avoid an obstacle as
long as the size of the obstacle is limited. Compared with
the Rule-based method, the proposed TS-based method shows
excellent obstacle avoidance capability. In four PESMS-based
algorithms, the proposed TS method shows better search per-
formance than the Rule-based one. Since PFSMS consists of
three stages including diffusion, search and target processing.
The switching of stages causes robots to meet obstacles that
have been avoided. Then, the robots with the Rule-based
method go the same way, while in the proposed TS, if a
concave obstacle is filled up by tabu areas, the robot will
not be trapped by the obstacle again. Therefore, the proposed
TS has a better capability to adapt to different source search
algorithms.

Table V shows the experimental results in scenario 2,
which contains more complex concave obstacles with rounded
corners. From Table V, the search performance of the proposed
TS and Rule-based methods are obviously better than that of
APF and Fuzzy-based ones, which is the same as the experi-
mental result of Scenario 1. In four MMPSO-based algorithms,
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Fig. 12. An example of signal diffusion condition (¢=p=0.4) in scenario 3.

the Rule-based method shows better search performance than
the proposed TS. Nevertheless, the proposed TS still has a
success rate of over 0.96. Comparing the experimental results
in Scenarios 1 and 2, all the TS-based algorithms show
excellent obstacle avoidance capability with a success rate of
over 0.95. This reflects that the proposed TS method works
well in different scenarios to avoid concave obstacles. The
proposed TS has excellent environmental adaptability.

Figs. 10 and 11 show the process of robots avoiding
obstacles in scenarios 1 and 2, respectively. When robots are
trapped into concave obstacles, they generate tabu areas to fill
up the concave obstacles as shown in Figs. 10(c) and 11(c).
Then, in Figs. 10(d) and 11(d), the robots are pushed out of
the concave obstacles and finish the source location.

C. Simulation Experiment Considering Obstacle’s Physical
characteristics

In an actual scene, a signal can be reflected or attenuated by
obstacles. When the signal strengths or obstacle materials are
different, the degree of signal reflection and penetration differs.
To verify the obstacle avoidance ability of the proposed TS in
a source location environment with different signal diffusion
conditions, scenario 3 is simulated in Fig. 12 that shows an
example of signal diffusion condition when a¢=g=0.4. o and
B respectively represent the reflection and penetration ratio
of a signal when it encounters an obstacle. For example,
a=B=0.4 means that 40% of a signal is refracted, and 40%
penetrates the obstacle. The attenuation ratio of a signal is
fixed at 20%. Five signal diffusion conditions are simulated
including (¢, B) = {(0, 0.8); (0.2, 0.6); (0.4, 0.4); (0.6, 0.2);
(0.8, 0)}. There is a real source([0, -4]), an interference source
([1], [4]) and 12 robots in scenario 3. The fitness function
(signal strengths) consists of two parts, including a real source
signal f3* and an interference source signal f3, as shown
in (18), at the bottom of the next page. In the simulation
experiment, four obstacle avoidance algorithms including the
proposed TS, APF [25], Fuzzy logic-based [20] and control
Rule-based [1] methods are executed by using SAPPSO [26]
as the baseline for source location.

In the experiment, initial positions of 12 robots are shown
in Fig. 12. Three robots are initialized outside the concave
obstacle. For the other nine robots, their path to the real
source is blocked by a concave obstacle. Table VI shows
the experimental results in scenario 3, which includes the
number of trapped robots 7 and success rate s. In Table VI, for
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SAPPSO-APF, an average of 8.54 robots out of 9 trapped ones
get stuck in five signal diffusion conditions. The success rate
of converging to the real source is about 29%. For SAPPSO-
Fuzzy, about 8.6 robots out of 9 trapped ones get stuck in five
signal diffusion conditions. The success rate of converging to
the real source is about 28%. It indicates that in five signal
diffusion conditions, SAPPSO-APF and SAPPSO-Fuzzy can
hardly guide robots to avoid a concave obstacle. For SAPPSO-
Rule, when (¢, 8) = (0.8, 0), 0.2 robots on average get stuck.
In the other four signal diffusion conditions where («, 8) =
{(0, 0.8); (0.2, 0.6); (0.4, 0.4); (0.6, 0.2)}, about 8.9 robots
on average get stuck. In SAPPSO-Rule, if a robot meets
an obstacle, it circumnavigates the obstacle and measures
signal strength along its path. After circumnavigating the entire
obstacle, the robot finds a position with the largest signal
strength. The strongest position on the circumnavigating path
may be inside the concave obstacle due to the presence of
interference sources or due to the signal reflection. In such
case, SAPPSO-Rule fails to guide robots to avoid a concave
obstacle. For SAPPSO-TS, in five signal diffusion conditions,
9 trapped robots are able to bypass the obstacle and converge
to the signal source with a success rate of 1. The obstacle
avoidance ability of TS is not affected by obstacle’s physical
characteristics.

Fig. 13 shows the convergence curves of robots in five signal
diffusion conditions. Since SAPPSO-APF and SAPPSO-Fuzzy
can hardly guide robots to avoid a concave obstacle, their
convergence distances (d.) maintain a large value (>40).
From Figs. 13(a)-(d), in convergence curves of SAPPSO-Rule,
since robots constantly circumnavigate a concave obstacle but
cannot avoid it, their convergence distances (d.) show a wide
range of fluctuations. From Fig. 13(e), the convergence curves
of SAPPSO-Rule and SAPPSO-TS show that they converge
to a small value. SAPPSO-TS enjoys faster convergence than
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TABLE VI
EXPERIMENTAL RESULTS IN SCENARIO 3
SAPPSO-APF | SAPPSO-Fuzzy | SAPPSO-Rule | SAPPSO-TS
T s T s T s T s
a=0, 5=0.8 854 028 | 8.64 0.27 894 0255 |0 1
a=02, 5=0.6 | 8.54 0298 | 8.6 0.276 894 0255 |0 1
a=0.4, 5=0.4 | 8.54 0292 | 84 0.295 9.04 0247 |0 1
a=0.6, 5=0.2 | 8.54 0289 | 856  0.285 846 0295 |0 1
a=0.8, =0 854 0293 | 854  0.288 0.2 0.98 0 1

SAPPSO-Rule since the latter needs to spend much time navi-
gating around obstacles. In summary, TS shows better obstacle
avoidance capability and adaptability to the environment
with different obstacle’s physical characteristics than its three
peers.

D. Discussion on Generating Tabu Areas

This work proposes a novel tabu search method to avoid
concave obstacles for source location in an unknown environ-
ment, where a robot does not require any prior information
about obstacles. As long as a robot enters a deadlock state,
which prevents it from continuing to search, the proposed tabu
search works to taboo deadlock-generating area. The deadlock
state forms on two types of obstacle-related places, including
inside and outside the concave obstacle, as shown in Fig. 14.
From Fig. 14(a), x| and x; are two robots outside and inside
the concave obstacle. They are aiming to move towards the
source €2, but are trapped by the inner and outer walls of
the concave obstacle. In Fig. 14(b), x| generates tabu areas
to escape the deadlock area. In Fig. 14(c), x> generates tabu
areas to fill up the concave obstacle. Finally, it is pushed out
of the concave obstacle. From Fig. 14(d), x| and x; avoid the
concave obstacle.

h=K+hH (18a)
,y) — (0, —4 2
20-exp(—%),x<0Vy<0Vy<§x—4
,y)—(0,—4 ,y)—(0,4 2
L,y = 20~exp(— %)4—20(»%1)(— %H),x>0/\y<0/\y<—§x+4
— (0,4
20,3'61617(— %H),x>0/\y>0/\y>§x—4
‘ (18b)
(1 @=L by (e 2 i, %
cexpl—|————|),@d <y < —8x ——Xx+—<y<-—=x+—
P 2 Y 5T YT T T
. — ,y)— (1,4 4 24
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,y)—(1,—4 4 24
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a vehicle’s pose (position coordinates, heading angle), speed,
and front wheel rotation angle. A vehicle’s motion model
limits its instantaneous range of movement. In this work,
before each time slice, PSO-TS is executed once to determine
vehicles’ next reachable positions. Algorithmically, PSO-TS
does not restrict which motion model the robot uses to reach
its next position. For simplicity, 360-degree rotatable robots
are used in this work for simulation experiments.

VI. CONCLUSION

This work proposes a novel PSO based on Tabu Search

(a) a=0, B=0.8 (b) a=0.2, 8=0.6
Fig. 13. The convergence curves of robots in five signal diffusion conditions.
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Fig. 14. The process of robot avoiding obstacles.

E. Discussion on the Use of Tabu Search in Real Scenarios

In real applications, each robot is equipped with a distance
sensor, like a laser ranging sensor, to detect its distance
from obstacles. The maximum sensing range of a robot is
determined by the performance parameters of its equipped
distance sensor. In this work, as long as the maximum sensing
range of a distance sensor is greater than the maximum
distance a robot moves in a time slice (f/\), it can be used
to avoid concave obstacles.

The proposed PSO-TS uses a particle swarm optimizer
for source location, where particles communicate with their
neighbors to share their personal historical optimal position.
Due to the constraints of the communication range, particle
swarm optimizers with different topological structures are
presented, including global topology [45], Euclidean distance-
based local topology [46] and adaptive topology [47]. Then,
in real-world scenarios, according to the different communi-
cation capabilities of robots, an adapted topology-based PSO
can be used. How robots share information depends on their
communication method, like global or local communication.
If global communication is accessible, each robot stores all
tabu areas. Robots will not repeatedly enter a concave obstacle
that has been filled by tabu areas. If local communication
is accessible, robots that can communicate with each other
share their tabu areas. In this situation, a robot may re-enter a
concave obstacle. Nevertheless, it can still avoid the concave
obstacle by using the proposed tabu search method. Different
communication methods only affect the efficiency of robots to
find a source.

This work studies a source location problem in two-
dimensional space, where a swarm of unmanned vehicles is
used. The vehicle motion model mainly involves the control of

(PSO-TS) for robots to locate multiple sources while avoiding
concave obstacles. Instead of traditionally setting obstacles as
tabu objects, it sets trapped areas as such objects. A weighted
average velocity is computed for each robot to check if it
is stuck inside concave obstacles. If so, the robot generates
a tabu area, which can fill up a concave obstacle’s open
space. Then, robots are pushed out of the concave obstacle.
For efficient search, an R-tree is adopted to cope with the
storage of tabu objects. In the proposed method, robots need no
prior information of unknown environments, thereby making
the method adaptable to complex unknown environments.
Experimental results show that the proposed tabu search has
excellent algorithmic compatibility, environmental adaptability
and obstacle avoidance capability. Its applications to various
scenarios [48], [49], [50], [51], [52] should be pursued as
our future work. Replacing PSO in this framework by other
recently developed methods [53], [54] should be explores.
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